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Abstract
Background: There is evidence that education protects against cardiovascular disease.
However, it is not known whether such an effect is independent of cognition.
Methods: We performed two-sample Mendelian randomization (MR) analyses to investi-
gate the effect of education and cognition, respectively, on risk of CHD and ischaemic
stroke. Additionally, we used multivariable MR to adjust for the effects of cognition and
education in the respective analyses to measure the effects of these traits independently
of each other.
Results: In unadjusted MR, there was evidence that education is causally associated with
both CHD and stroke risk [CHD: odds ratio (OR) 0.65 per 1-standard deviation (SD;
3.6 years) increase in education; 95% confidence interval (CI) 0.61–0.70, stroke: OR 0.77;
95% CI 0.69–0.86]. This effect persisted after adjusting for cognition in multivariable MR
(CHD: OR 0.76; 95% CI 0.65–0.89, stroke OR 0.74; 95% CI 0.59–0.92). Cognition had an ap-
parent effect on CHD risk in unadjusted MR (OR per 1-SD increase 0.80; 95% CI 0.74–
0.85), however after adjusting for education this was no longer observed (OR 1.03; 95%
CI 0.86–1.25). Cognition did not have any notable effect on the risk of developing ischae-
mic stroke, with (OR 0.97; 95% CI 0.87–1.08) or without adjustment for education (OR
1.04; 95% CI 0.79–1.36).
Conclusions: This study provides evidence to support that education protects against
CHD and ischaemic stroke risk independently of cognition, but does not provide evidence
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to support that cognition protects against CHD and stroke risk independently of educa-
tion. These findings could have implications for education and health policy.
Key words: Mendelian randomization, education, cognition, coronary heart disease, stroke
Introduction
Coronary heart disease (CHD) and stroke together make
up the largest cause of morbidity and mortality worldwide,
accounting for over 15 million deaths in 2016.1 Higher
cognitive performance and longer duration of education
are closely related traits,2,3 and have both been inversely
associated with the risk of CHD and stroke in observa-
tional studies.4,5 However, such associations can be af-
fected by confounding from unmeasured or unknown
factors, and are therefore not reliable for inferring causal-
ity.6 Randomized controlled trials (RCTs), on the other
hand, are not a plausible option for studying the effects
of cognition or education.7 Whereas previous work has
investigated the effect of educational attainment on cardio-
vascular disease risk8,9 further disentangling the indepen-
dent effects of education and cognition would have
important implications for public health and educational
policy, particularly with regard to allocation of resources
towards targeting the relevant exposure. For example, in
the scenario where education is causally related to develop-
ing CHD or stroke independently of cognitive function,
but not vice versa, strategies for increasing education
rather than cognitive ability would better protect against
adverse health outcomes.
Mendelian randomization (MR) is an instrumental vari-
able method that can overcome some of the limitations of
observational studies, by using genetic variants as instru-
ments to study the effect of varying an exposure. The ran-
dom allocation of such variants thus avoids the effect of
confounding environmental factors to make causal infer-
ences on an outcome of interest.10 Furthermore, the pres-
ence of genetic variants from conception also overcomes
the potential reverse causation bias that can limit
the interpretation of traditional observational analyses.
However, a possible source of bias in MR relates to pleiot-
ropy of the genetic instruments used, where they affect the
outcome through pathways at least partly independent of
the exposure, to violate the requisite assumptions of this
model.10
An extension of the MR approach is multivariable MR
(MVMR),11 which additionally allows adjustment for
pleiotropic effects of the instruments through known path-
ways for which genetic association estimates are also avail-
able.12 This is particularly useful when the exposures of
interest are related, as is the case for educational attain-
ment and cognitive function, which have a high degree of
phenotypic and genetic correlation.2,3 Previous work has
used MR to provide evidence of a bidirectional relation-
ship between educational attainment and cognitive perfor-
mance,13 and furthermore it is plausible that educational
attainment and cognitive function might mediate some of
each other’s respective effects on cardiovascular disease
outcomes, as well as acting as potential confounders.14
Given the importance of establishing understanding of the
independent effects of these traits for implementing poli-
cies to reduce cardiovascular disease, in this study we per-
formed MR analyses to investigate the total and
independent (i.e. direct) effects of educational attainment
and cognitive function on risk of CHD and ischaemic
stroke, respectively.12 Specifically, we used conventional
(univariable) MR to estimate the total effects of educa-
tional attainment and cognitive function (i.e. encompass-
ing any mediation or genetic confounding from each other)
on CHD and ischaemic stroke risk, respectively, and
Key Messages
• This work applied the multivariable Mendelian randomization technique to study the effects of educational attainment
and cognitive function independently of each other on risk of coronary heart disease and ischaemic stroke,
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Association estimates between single-nucleotide polymor-
phisms (SNPs) and educational attainment were derived
from the publicly available summary data of a genome-
wide association study (GWAS) meta-analysis (that ex-
cluded the 23andMe cohort) of 766 345 individuals of
European ancestry.2 Instruments were selected based on
their genome wide-significance (P-value <5 10–8) and in-
dependence (linkage disequilibrium r20.1). Educational
attainment was measured as the number of years of school-
ing that individuals completed. Due to discrepancies in ed-
ucational systems and qualifications between the cohorts
for educational attainment, the International Standard
Classification of Education (ISCED) system was used to
match educational qualifications across countries into one
of seven harmonized ISCED categories. Supplementary
Table 1, available as Supplementary data at IJE online,
details how ISCED scores were mapped to years spent in
education.3 Estimates are presented in standard deviation
(SD) units, with 1-SD corresponding to 3.6 years of
education.
For cognitive function, SNPs were taken from a GWAS
meta-analysis performed in the UK Biobank and COGENT
consortium in 257 841 participants of European ancestry.2
Instruments were selected using the same criteria as for edu-
cational attainment. Cognitive performance was evaluated in
UK Biobank using a test of verbal-numerical reasoning,16
which consisted of 13 questions designed to assess verbal and
mathematical ability and which correlated highly with other
measures of intelligence.17,18 Various neuropsychological
tests were used to measure cognitive function in the
COGENT study.19,20 Each of the 35 COGENT sub-studies
administered a mean of eight (SD¼ 4) neuropsychological
tests, with each included participant required to have data
available from at least three domains of cognitive function.19
The most commonly administered tests in the COGENT
study assessed digit span, digit symbol coding, phonemic flu-
ency, semantic fluency, trail-making, verbal memory for sto-
ries, verbal memory for words, visual memory, vocabulary
and word reading.19 Genetic association estimates are pre-
sented in SD units. F statistic and R2 values were estimated
for the instrument SNPs of both traits to evaluate their
strength in conventional MR and proportion of phenotypic
variance explained, respectively (with the specific formulae
used detailed in Supplementary Tables 2 and 3, available as
Supplementary data at IJE online).21,22 Instrument SNPs
were not pruned based on any secondary genetic associations
or the relative strengths of their associations with educational
attainment or cognitive function.
The CARDIoGRAMplusC4D 1000 Genomes-based
GWAS meta-analysis was used to obtain genetic association
estimates for CHD.23 There were 60 801 cases and 123 504
controls, with the majority of participants of European ances-
try and a full breakdown of ethnic groups provided in
Supplementary Table 4, available as Supplementary data at
IJE online. Adjustment was made for genetic ancestry using
the genomic control method, and the CHD definition was
broad, including acute coronary syndrome and angina.23
For ischaemic stroke, instrument SNP genetic associa-
tion estimates were extracted from a GWAS of 37 792
cases and 397 209 controls performed by the National
Institute of Neurological Disorders and Stroke (NINDS)
Stroke Genetics Network (SiGN), and were downloaded
from the Cerebrovascular Disease Knowledge Portal.24,25
Participants were of mostly of European ancestry, but also
included individuals of Hispanic and African origin, with a
full breakdown of proportions provided in Supplementary
Table 5, available as Supplementary data at IJE online.
Adjustment was made for genetic ancestry using principal
component analysis,24 and the ischaemic stroke definition
was based on a classic definition given by the World
Health Organization: rapidly developing clinical signs of
focal (or global) disturbance of cerebral function, with
symptoms lasting 24 h or longer or leading to death, with
no apparent cause other than of vascular origin.26
Cohort details for all participating studies in these four
GWAS meta-analyses are provided in Supplementary Table
6, available as Supplementary data at IJE online. Overlap in
the cohorts used for the exposure and outcome genetic associ-
ation estimates is also detailed in Supplementary Table 6, as
this can have implications for bias in MR analysis.27
Mendelian randomization analyses
We performed power calculations using the mRnd power
calculator for conventional MR, available at [http://cnsge
nomics.com/shiny/mRnd/].28 We estimated the smallest de-
tectable protective effect of education and cognitive func-
tion on CHD and ischaemic stroke risk, respectively,
required to achieve 80% statistical power, given the avail-
able sample sizes and phenotypic variance explained by the
instruments.
Conventional (unadjusted) MR analyses examining the to-
tal effects of educational attainment and cognitive function,
respectively, separately on CHD and ischaemic stroke, were
performed. Specifically, we derived MR estimates for individ-
ual SNPs using the Wald ratio, with standard errors
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calculated using second-order weights to account for possible
measurement error in both exposure and outcome associa-
tion estimates.29 Fixed-effects inverse variance weighting
(IVW) was then used to pool results across instrument SNPs
for a particular exposure and thus maximize statistical
power.30 In secondary analyses, we also performed the (ran-
dom-effects) MR-Egger and weighted median statistical sensi-
tivity analyses to investigate whether similar MR estimates
were obtained under these models that relax their requisite
assumptions on the presence of pleiotropic genetic variants
that affect risk of the considered outcome independently of
the exposure under study.31,32 MR-Egger performs a regres-
sion of the SNP-outcome association estimates conditioned
on the SNP-exposure outcome association estimates weighted
for the precision of the SNP-outcome association estimates to
generate pleiotropy-adjusted MR estimates, with a non-zero
intercept serving as a test for directional pleiotropy.31 MR-
Egger requires that the strength of the instruments (i.e. the
SNP-exposure associations) are not correlated to any direct
(independent of the exposure) effect that they have on the
outcome, and can produce biased estimates if this assumption
is violated.31 The weighted median approach orders the MR
estimates produced by individual instrument SNPs by their
magnitude weighted for their precision, and selects the me-
dian result as the overall MR estimate, with confidence inter-
vals calculated by bootstrapping.32 Weighted median MR is
generally robust when more than half of the information for
the analysis comes from valid instruments.32
To investigate the independent effects of educational at-
tainment and cognitive function on CHD and ischaemic
stroke risk, we performed regression-based MVMR using
summary data, with adjustment made for the genetic associa-
tions of the educational attainment instruments for cognitive
function, and vice versa.11,33 Specifically, the same instrument
SNPs and genetic association estimates were used as in the
non-multivariable (unadjusted) MR analyses detailed above.
However, adjustment was made for association of the instru-
ments SNPs with cognitive performance when considering ed-
ucational attainment as an exposure. Similarly, adjustment
was made for association of the instruments SNPs with educa-
tional attainment when considering cognitive performance as
an exposure. The conventional summary data regression-
based method was used for this, which performs a linear re-
gression of the SNP-outcome genetic association estimate
against the SNP-exposure association estimate and the SNP-
genetic confounder association estimate, weighted for the in-
verse standard error of the SNP-outcome estimate.11,33 The
intercept is fixed at zero, and there is no interaction term.11,33
All assumptions made for a conventional MR analysis
also apply in this multivariable model, including that the
instruments must be strongly associated with the exposures
of interest, must be associated with the outcome only through
the included exposures or genetic confounders (and not via
any other pathway) and must be independent of confounders
that influence the exposure-outcome relationship.11 Any
pleiotropic association of the instruments with CHD or
ischaemic stroke risk through pathways independent of both
educational attainment and cognitive function would thus re-
sult in bias of these final MVMR estimates. To investigate
this possibility, we additionally performed (random-effects)
MVMR-Egger, which does not fix the intercept of the
MVMR regression to zero, but instead uses this as a test for
directional pleiotropy and generates pleiotropy-adjusted ef-
fect estimates.34 Furthermore, we also performed an MVMR
median regression sensitivity analysis, which estimates the
median of the SNP-outcome genetic association estimate con-
ditional on the SNP-exposure association estimate and the
SNP-genetic confounder association estimate, with the inter-
cept set to zero and weighted for the inverse standard error of
the SNP-outcome estimate. Standard errors for MVMR me-
dian regression were estimated by bootstrapping. This ap-
proach is similar to the conventional regression-based
MVMR method that we use, except that it estimates the me-
dian of the SNP-outcome association estimate rather than its
mean. To further explore the possibility that the findings of
our MVMR analyses are related to particular pleiotropic var-
iants, we repeated all analyses 1000 times after randomly
sampling (without replacement) a subsample of only 200 of
the available instrument SNPs, separately for both educa-
tional attainment and cognitive function, and investigating
the distribution of MR estimates. This approach also allowed
us to investigate whether any discrepancy in the findings for
educational attainment or cognitive function might relate to
the different number of instrument SNPs available. In all MR
analyses, the effect alleles for genetic association estimates
were aligned to represent an increase in the primary exposure
under investigation.
All analyses were performed using R (version 3.4.2).
The TwoSampleMR R package was used to perform MR-
Egger and weighted median MR, and for clumping
SNPs.35 In all MR analyses, harmonization of SNP genetic
association estimates from different studies was performed
by aligning effect alleles. The data used in this work are
publicly available summary results from published GWAS
meta-analyses, for which ethical approval and patient con-
sent were obtained in the original cited studies. All data
used in this study can additionally be obtained from the
corresponding author upon reasonable request.
Results
In total, there were 625 instrument SNPs (P-value
<510–8 and r20.1, Supplementary Table 2, available
as Supplementary data at IJE online) for educational
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attainment and 226 instrument SNPs (P-value<5 10–8 and
r20.1, Supplementary Table 3, available as Supplementary
data at IJE online) for cognitive function. Conventional (for
IVW MR) F statistic values for individual instrument SNPs
ranged from 30 to 240 (Supplementary Tables 2 and 3), and
combined were 27 596 for educational attainment and 9420
for cognitive function, with means of 44 and 42, respectively.
Overall, the 625 instrument SNPs for educational attainment
explained 3.6% of the variability in education and the 226
instrument SNPs for cognitive performance explained 3.7%
in cognition. Power calculations for the conventional IVW
MR analyses indicated greater than 80% statistical power to
detect an odds ratio per 1-SD increase in the considered expo-
sure smaller than 0.92 for all four analyses.28
The results of the MR analyses are summarized in
Figure 1 (and Supplementary Table 7, available as
Supplementary data at IJE online). All analyses showed a
consistent protective effect of educational attainment on
risk of CHD and ischaemic stroke, irrespective of whether
adjustment was made for cognitive function. Conversely,
cognitive function showed a protective effect on risk of
CHD but not of ischaemic stroke when not adjusted for ed-
ucational attainment. This protective effect of cognitive
function on CHD risk was not observed after adjusting for
educational attainment in MVMR approaches. The MR-
Egger and MVMR-Egger intercepts were not suggestive of
directional pleiotropy in any analysis (Supplementary
Table 8, available as Supplementary data at IJE online).
Randomly selecting 200 instrument SNPs from the total
available pool of 625 for educational attainment and 226
for cognitive function, respectively, and repeating the con-
ventional MVMR analyses 1000 times (Figure 2, and
Supplementary Figures 1–4, available as Supplementary
data at IJE online) produced similar results to the conven-
tional MVMR analyses using all instrument SNPs that are
presented in Figure 1.
Discussion
Our unadjusted MR analyses supported that educational
attainment has a protective effect on both CHD and
ischaemic stroke, and further that cognitive function also
has a protective effect on CHD risk. The wider confidence
intervals of the MR-Egger analysis may be related to the
lower statistical power of this approach. The MVMR
approaches used in this work went further to support that
educational attainment has a protective effect on CHD and
ischaemic stroke risk independent of cognitive function,
but did not support an effect of cognitive function on CHD
risk independent of educational attainment. Similar results
were obtained when using statistical methods more robust
to the inclusion of pleiotropic variants, suggesting that po-
tential genetic associations with the outcome independent
of the exposure, or with confounders of the exposure-
outcome association, were unlikely to be introducing bias
that would affect our conclusions. Similar results were also
obtained when randomly sampling 200 instrument SNPs
for the MVMR analyses, suggesting that the findings were
not attributable to a discrepancy in the number of available
instrument SNPs for the different analyses.
The protective role of educational attainment on cardio-
vascular disease (CVD) has been described in previous ob-
servational work,5,36,37 as well as recent MR studies,8,9
but adjustment for cognitive function was not performed
Figure 1. Mendelian randomization analysis results. When education is the exposure, multivariable Mendelian randomization (MVMR) analyses
adjust for cognition. When cognition is the exposure, MVMR analyses adjust for education. Odds ratios are listed, with 95% confidence intervals and
P-values in brackets. CHD, coronary heart disease; IS: ischaemic stroke, SD, standard deviation.
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in these particular analyses and neither did they focus on
the distinction between educational attainment and cogni-
tive function in relation to cardiovascular risk. However, a
recent study has used MVMR to suggest that the protective
effect of education on likelihood of smoking was not due
to an effect of cognitive function,14 and as smoking is an
established risk factor for cardiovascular disease, this is
consistent with our current work. The attenuation of
cognitive function’s effect on CHD risk after adjusting for
education has been a recurrent finding in observational
studies.4,38,39 This was not the case for the cognition-
stroke relationship, as cognition was described to be an
independent predictor of stroke irrespective of education,
in previous observational work.40,41 However, a variety of
tests for measuring cognitive function were used, with not
all of them resulting in consistent findings. The latter per-
haps relates to the various domains that fall under the term
‘cognitive function’ and the need to distinguish between
these more precisely in further work.
The explanation for why educational attainment pro-
tects against CVD independently of cognitive function but
not vice versa may relate to education’s broad benefits.
Higher educational attainment is associated with a health-
ier lifestyle, an occupation with safer working conditions
and better access to health care.42–44 Highly educated indi-
viduals tend to avoid major CVD risk factors such as
smoking and excessive alcohol intake, and are generally in-
formed of their harmful effects on health.45,46 Recent MR
and observational study has suggested that approximately
40% of the protective effects of education on cardiovascu-
lar disease risk may be mediated through more favourable
profiles for blood pressure, body habitus and smoking be-
haviour, although this work did not consider the role of
cognitive function.47 The positive effects of educational at-
tainment in CVD prevention may also be through
developing healthier habits, such as exercise and diet,
which can last into adulthood.5 Furthermore, income
among people who spend a greater number of years in edu-
cation is higher,48 which in turn may result in an improved
lifestyle and lower levels of stress.49 Cognitive function
likely plays a secondary role, as the reported beneficial
effects of higher cognition on many health outcomes, in-
cluding maintenance of blood pressure and body weight
within healthy limits, appear to be mediated by educa-
tion.50,51 This suggests that it is the additional skills,
behaviours and quality of life brought about by greater ed-
ucational attainment, rather than higher intelligence on its
own, that protect from outcomes such as CVD.
Education and cognition have a close relationship, with
evidence supporting bi-directional effects.13 Individuals
with higher cognitive ability tend to spend more time in ed-
ucation,52 and higher educational attainment can improve
cognitive performance.53,54 Therefore, our findings offer
an important contribution towards understanding which
has independent causative effects on health outcomes, es-
pecially when considering policies for population health
optimization. Our battery of MR analyses (Figure 1,
Supplementary Table 7, available as Supplementary data
at IJE online) all produced consistent results to suggest
that isolated pleiotropic SNPs were unlikely to be responsi-
ble for our conclusions. Whereas educational attainment
and cognitive function may have a shared aetiology and bi-
directional mediating effects, the MVMR approaches that
we applied were able to disentangle their direct effects and
thus offer important insight in terms of disease preven-
tion,12 particularly as education is a modifiable factor.
Therefore an increase in the mandatory years of education
may, for example, have a protective effect on risk of car-
diovascular disease, independently of whether cognitive
function is also increased. Such interventions regarding
Figure 2. Results of the main regression-based multivariable Mendelian randomization analyses when performed 1000 times randomly sampling 200
instruments SNPs from the available pool of 625 for educational attainment and 226 for cognitive function. The mean odds ratios are displayed, with
95% confidence intervals in brackets. CHD, coronary heart disease; IS, ischaemic stroke; SD, standard deviation; SNP, single-nucleotide
polymorphism.
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education policy have previously lowered morbidity and
mortality from many chronic diseases including CHD and
stroke.55 The UK’s recent increase in the age of mandatory
education, from 16 to 18 years, represents just such an ex-
ample.55 Any potential differential impact of such policy
on health outcomes will not be wholly apparent for many
years. Of relevance, our study does not inform on whether
similar effects would be observed if education were to take
a different form, such as through work-based training
rather than a traditional academic programme.
In this study, we performed MVMR alongside conven-
tional, unadjusted MR to investigate the effects of educa-
tion and cognition on CHD and stroke risk, independently
of each other. However, both MVMR and MR can only be
valid tools for inferring causality when the requisite
assumptions are held.30,33 Although the instruments used
for the conventional MR were all strong (with F statistics
for individual variants all greater than 30), there is no cur-
rently available method to estimate instrument strength in
MVMR when using summary data alone.33 Therefore, this
makes it impossible to assess for possible bias relating to
the use of weak instruments in our MVMR analysis.33
Directional pleiotropy can be a source of bias in MR analy-
ses, and reassuringly this seemed unlikely in our work be-
cause the statistical sensitivity analyses that relax their
assumptions of the presence of pleiotropic variants also
found similar results, although with the notably wide 95%
CIs of the MR-Egger approach that are likely related to
low statistical power (Figure 1). However, results from
both the MR-Egger and MVMR-Egger are unbiased only
when the ‘instrument strength independent of direct effect’
or ‘InSIDE’ assumption holds. The latter requires that the
genetic associations of the instruments with the exposure
are independent of their direct effects on the outcome,31 an
assumption that cannot be tested.56 In our current study, it
may well be that genetic associations of instrument SNPs
for educational attainment and cognitive function are cor-
related to their direct effect on CHD or ischaemic stroke
risk, thus violating InSIDE.
A large proportion of the population used to obtain genetic
association estimates for educational attainment (58%) and
cognitive function (86%) were part of UK Biobank.2 This rep-
resents a select cohort that may not be representative of the
wider general population,57 and indeed such selection has
been shown to potentially introduce bias into MR analysis.58
Similarly, another possible limitation could be related to par-
ticipant overlap in the GWAS meta-analyses for education and
cognitive ability with those for CHD and ischaemic stroke
(Supplementary Table 6, available as Supplementary data at
IJE online). This situation could theoretically introduce bias in
the consequent MR analysis,27 although from details on the
cohorts used for each study (Supplementary Table 6), it is
unlikely that any such overlap in the exposure and outcome
populations occurred for more than 10% of participants.
Furthermore, two precautions against this were taken: strong
instruments that are less susceptible to such bias were used,59
and the analysis was performed using second-order weights,
which decreases false-positive findings as compared with using
first-order weights when using partially overlapping datasets
(at the cost of potentially decreasing the power to detect het-
erogeneity between MR estimates produced by different in-
strument SNPs).29 Genetic ancestry is an important
confounder to be considered while applying MR, for example,
because some of the variants may be absent or have substantial
difference in allele frequency or effect size across populations
with different genetic ancestries. The European participants
used in the educational attainment and cognitive function
GWAS meta-analyses contrasted with the multi-ethnic popula-
tions used for study of CHD and ischaemic stroke
(Supplementary Tables 4 and 5, available as Supplementary
data at IJE online), thus introducing a potential source of bias.
However, over 75% of these multi-ethnic studies were still
made up of European-ancestry participants, and thus the
analysis remained centred on this ethnic group. Considering
the GWAS meta-analyses used to obtain genetic associations
for educational attainment and cognitive function, it is likely
that estimates were inflated because of parental rearing effects
affecting these traits independently of inherited genetic var-
iants.2 This would potentially overestimate the SNP-exposure
estimates and create bias towards the null hypothesis in the
context of two-sample MR. Furthermore, the associations of
the genetic variants with exposures and outcomes may vary
depending on the particular environmental context,2 poten-
tially introducing a further source of bias into our MR
analysis.
Finally, in our study education was evaluated as the
number of years an individual has spent at an academic in-
stitution. Education, however, is rather a process of learn-
ing and growth that may not necessarily be confined to
such definitions. Obtaining related skills through alterna-
tive means may also be of relevance and requires further
study. Similarly, cognitive function has various
domains.18,19 Verbal-numerical attainment and neuropsy-
chological tests were used to quantify this in the genetic as-
sociation estimates that we used,2 but this may represent
an amalgamation of various component traits that each
have distinct effects on cardiovascular disease risk. To this
end, further work is required to disentangle the relation-
ship between different cognitive domains and clinical
outcomes.
In conclusion, our study provides evidence supporting a
causal effect of education on the risk of developing CHD
and stroke, independently of cognitive function. In con-
trast, we did not find evidence to support that cognitive
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function affects CHD and stroke risk independently of ed-
ucational attainment. These results are in keeping with pre-
vious work in this area, and add to the body of evidence
now available to inform public health and educational
policy.
Summary genetic data for both cognitive function and ed-
ucational attainment can be downloaded from the Social
Science Genetic Association Consortium (SSGAC) portal
[https://www.thessgac.org/data] (Lee et al.).2 Summary ge-
netic data for coronary heart disease can be downloaded
from CARDIoGRAMplusC4D Consortium portal [http://
www.cardiogramplusc4d.org/data-downloads/] [CARDIo
GRAMplusC4D 1000 Genomes-based GWAS, additive
model (as in this analysis an additive genetic model is as-
sumed)].23 Summary genetic data for ischaemic stroke can be
downloaded from the cerebrovascular disease knowledge
portal [http://cerebrovascularportal.org/informational/down
loads] [loci associated with ischaemic stroke and its subtypes
(SiGN): a genome-wide association study].24,25
Supplementary Data
Supplementary data are available at IJE online.
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Mendelian Randomisation Analysis of the Effect of Educational
Attainment and Cognitive Ability on Smoking Behaviour. 2019.
http://biorxiv.org/content/early/2019/04/29/299826.abstract (1
January 2019, date last accessed).
15. Greenland S, Westreich D. The table 2 fallacy: presenting and
interpreting confounder and modifier coefficients. Am J
Epidemiol 2013;177:292–98.
16. Hagenaars SP, Harris SE, Davies G et al. Shared genetic aetiol-
ogy between cognitive functions and physical and mental health
in UK Biobank (N¼112 151) and 24 GWAS consortia. Mol
Psychiatry 2016;21:1624–32.
17. Sniekers S, Stringer S, Watanabe K et al. Genome-wide associa-
tion meta-analysis of 78, 308 individuals identifies new loci and
genes influencing human intelligence. Nat Genet 2017;49:
1107–12.
18. Deary IJ, Penke L, Johnson W. The neuroscience of human intel-
ligence differences. Nat Rev Neurosci 2010;11:201–11.
International Journal of Epidemiology, 2019, Vol. 48, No. 5 1475
19. Trampush JW, Yang MLZ, Yu J et al. GWAS meta-analysis
reveals novel loci and genetic correlates for general cognitive
function: a report from the COGENT consortium. Mol
Psychiatry 2017;22:336–45.
20. Lyall DM, Cullen B, Allerhand M et al. Cognitive test scores in
UK Biobank: data reduction in 480,416 participants and longitu-
dinal stability in 20,346 participants. PLoS One 2016;11:
e0154222.
21. Palmer TM, Lawlor DA, Harbord RM et al. Using multiple ge-
netic variants as instrumental variables for modifiable risk fac-
tors. Stat Methods Med Res 2012;21:223–42.
22. Teslovich TM, Musunuru K, Smith AV et al. Biological, clinical
and population relevance of 95 loci for blood lipids. Nature
2010;466:707–13.
23. Nikpay M, Goel A, Won H-H et al. A comprehensive 1000
genomes–based genome-wide association meta-analysis of coro-
nary artery disease. Nat Genet 2015;47:1121–30.
24. Pulit SL, McArdle PF, Wong Q et al. Loci associated with ischae-
mic stroke and its subtypes (SiGN): a genome-wide association
study. Lancet Neurol 2016;15:174–84.
25. Crawford KM, Gallego-Fabrega C, Kourkoulis C et al.
Cerebrovascular disease knowledge portal: an open-access data
resource to accelerate genomic discoveries in stroke. Stroke
2018;49:470–5.
26. Truelsen T, Begg S, Mathers C. The Global Burden of
Cerebrovascular Disease. 2006. . https://www.who.int/health
info/statistics/bod_cerebrovasculardiseasestroke.pdf (30 April
2019, date last accessed).
27. Burgess S, Davies NM, Thompson SG. Bias due to participant
overlap in two-sample Mendelian randomization. Genet
Epidemiol 2016;40:597–608.
28. Brion M-J, Shakhbazov K, Visscher PM. Calculating statistical
power in Mendelian randomization studies. Int J Epidemiol
2013;42:1497–501.
29. Bowden J, Spiller W, Del Greco FM et al. Improving the visuali-
zation, interpretation and analysis of two-sample summary data
Mendelian randomization via the Radial plot and Radial regres-
sion. Int J Epidemiol 2018;47:1264–78.
30. Burgess S, Butterworth A, Thompson SG. Mendelian randomiza-
tion analysis with multiple genetic variants using summarized
data. Genet Epidemiol 2013;37:658–65.
31. Bowden J, Davey Smith G, Burgess S. Mendelian randomization
with invalid instruments: effect estimation and bias detection
through Egger regression. Int J Epidemiol 2015;44:512–25.
32. Bowden J, Davey Smith G, Haycock PC, Burgess S. Consistent
estimation in Mendelian randomization with some invalid
instruments using a weighted median estimator. Genet
Epidemiol 2016;40:304–14.
33. Sanderson E, Davey Smith G, Windmeijer F, Bowden J. An ex-
amination of multivariable Mendelian randomization in the
single-sample and two-sample summary data settings. Int J
Epidemiol 2019;48:713-27.
34. Rees JMB, Wood AM, Burgess S. Extending the MR-Egger
method for multivariable Mendelian randomization to correct
for both measured and unmeasured pleiotropy. Stat Med 2017;
36:4705–18.
35. Hemani G, Zheng J, Elsworth B et al. The MR-base platform
supports systematic causal inference across the human phenome.
Elife 2018;7:e34408.
36. Chang C-L, Marmot MG, Farley TMM, Poulter NR. The influ-
ence of economic development on the association between edu-
cation and the risk of acute myocardial infarction and stroke. J
Clin Epidemiol 2002;55:741–47.
37. Wang H, Yuan Y, Song L et al. Association between education and
the risk of incident coronary heart disease among middle-aged and
older Chinese: the Dongfeng-Tongji Cohort. Sci Rep 2017;7:776.
38. Hemmingsson T, Essen J. V, Melin B, Allebeck P, Lundberg I.
The association between cognitive ability measured at ages 18–
20 and coronary heart disease in middle age among men: a pro-
spective study using the Swedish 1969 conscription cohort. Soc
Sci Med 2007;65:1410–19.
39. Lawlor DA, Batty GD, Clark H, McIntyre S, Leon DA.
Association of childhood intelligence with risk of coronary heart
disease and stroke: findings from the Aberdeen children of the
1950s cohort study. Eur J Epidemiol 2008;23:695–706.
40. Wiberg B, Lind L, Kilander L, Zethelius B, Sundelof JE,
Sundstrom J. Cognitive function and risk of stroke in elderly
men. Neurology 2010;74:379–85.
41. Elkins JS, Knopman DS, Yaffe K, Johnston SC. Cognitive func-
tion predicts first-time stroke and heart disease. Neurology
2005;64:1750–55.
42. Hoeymans N, Smit HA, Verkleij H, Kromhout D. Cardiovascular
risk factors in relation to educational level in 36 000 men and
women in The Netherlands. Eur Heart J 1996;17:518–25.
43. Kilander L, Berglund L, Boberg M, Vessby B, Lithell H.
Education, lifestyle factors and mortality from cardiovascular
disease and cancer. A 25-year follow-up of Swedish 50-year-old
men. Int J Epidemiol 2001;30:1119–26.
44. Woolf SH, Braveman P. Where health disparities begin: the role
of social and economic determinants—and why current policies
may make matters worse. Health Aff 2011;30:1852–59.
45. Gilman SE, Martin LT, Abrams DB et al. Educational attain-
ment and cigarette smoking: a causal association? Int J
Epidemiol 2008;37:615–24.
46. Crum RM, Helzer JE, Anthony JC. Level of education and alco-
hol abuse and dependence in adulthood: a further inquiry. Am J
Public Health 1993;83:830–37.
47. Carter AR, Gill D, Davies NM et al. Understanding the conse-
quences of education inequality on cardiovascular disease:
Mendelian randomisation study. BMJ 2019;365:l1855.
48. Crawford C, Gregg P, Macmillan L, Vignoles A, Wyness G.
Higher education, career opportunities, and intergenerational in-
equality. Econ Policy 2016;32:553–75.
49. Gallo LC, Matthews KA. Understanding the association between
socioeconomic status and physical health: do negative emotions
play a role? Psychol Bull 2003;129:10–51.
50. Starr JM, Taylor MD, Hart CL et al. Childhood mental ability
and blood pressure at midlife: linking the Scottish Mental Survey
1932 and the Midspan studies. J Hypertens 2004;22:893–97.
51. Chandola T, Deary IJ, Blane D, Batty GD. Childhood IQ in relation
to obesity and weight gain in adult life: the National Child
Development (1958) Study. Int J Obes (Lond) 2006;30:1422–32.
52. Deary IJ, Johnson W. Intelligence and education: causal percep-
tions drive analytic processes and therefore conclusions. Int J
Epidemiol 2010;39:1362–69.
53. Sternberg RJ, Grigorenko EL. Environmental Effects on
Cognitive Abilities. New York, NY: Lawrence Erlbaum
Associates Publishers, 2001.
1476 International Journal of Epidemiology, 2019, Vol. 48, No. 5
54. Ramey CT, Ramey SL. Early learning and school readiness: can
early intervention make a difference? Merrill Palmer Q. 2004;
50:471–91.
55. Hahn RA, Truman BI. Education improves public health and
promotes health equity. Int J Health Serv 2015;45:657–78.
56. Bowden J, Burgess S, Davey Smith G. Difficulties in testing
the instrument strength independent of direct effect
assumption in Mendelian randomization. JAMA Cardiol
2017;2:929.
57. Haworth S, Mitchell R, Corbin L et al. Apparent latent structure
within the UK Biobank sample has implications for epidemiolog-
ical analysis. Nat Commun 2019;10:333.
58. Taylor AE, Jones HJ, Sallis H et al. Exploring the association of ge-
netic factors with participation in the Avon Longitudinal Study of
Parents and Children. Int J Epidemiol 2018;47:1207–16.
59. Pierce BL, Burgess S. Efficient design for Mendelian randomiza-
tion studies: subsample and 2-sample instrumental variable esti-
mators. Am J Epidemiol 2013;178:1177–84.
International Journal of Epidemiology, 2019, Vol. 48, No. 5 1477
